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To design efficient materials for organic photovoltaics (OPVs), it is essential to identify the largest number
of parameters that control their properties and build a model using these parameters (known as descrip-
tors) for the prediction of the power conversion efficiency (PCE). By constructing a dataset for 280 small
molecule OPV systems, we found that for all high-performing devices, frontier molecular orbitals of donor
molecules are nearly degenerate and in such cases, orbitals other than just HOMO and LUMO are involved
in exciton formation, exciton dissociation and hole transport processes influencing the macroscopic prop-
erties of OPVs. Machine learning approaches, including random forest, gradient boosting, deep neural
network are used to build models for the prediction of PCE using 13 important microscopic properties of
organic materials as descriptors. Quite impressive performance of the gradient boosting model (Pearson’s
coefficient=0.79) indicates that it can certainly be applied to high-throughput virtual screening of promising
new donor molecules for high-efficiency OPVs.
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1 Introduction
Organic photovoltaics (OPVs) based on conjugated molecules or polymers are regarded as a source of clean
and renewable energy, with advantages such as low cost, light weight, transparency and flexibility. [1–6] The
power conversion efficiency (PCE) of OPVs has already been achieved around 13% [7–9] by virtue of the re-
cent tremendous progress in designing new organic materials and optimizing the device architecture. [10–20]
However, the further improvement of PCE for OPVs necessary to compete with inorganic devices, is still
highly challenging, [21,22] because the trial-and-error experimental routines suffer from stringent synthesis
procedure, laborious purification steps and large time-consumption. Many challenges prevent the predic-
tion of the PCE in OPV materials from its constituents. They include the strong electron-electron inter-
actions and strong electron-phonon couplings as well as the complicated donor/acceptor (D/A) interface
morphology, which are fundamentally different from inorganic semiconductors. [23,24] Therefore, the accu-
rate simulating of OPVs requires high-level theoretical methods in quantum chemistry, quantum dynamics
and statistical mechanics, and in recent years there have been substantial progress for the theoretical un-
derstanding of many microscopic processes such as charge transport, [25] exciton dissociation, [26,27] singlet
fission, [28–30] etc. These methods are useful for few benchmark systems but cannot be used to explore the
chemical space, i.e. screen a large number of candidate materials.
The predictive power of a theoretical model by high-throughput virtual screening has been explored
in the recent years. [31–40] For example, in the Harvard Clean Energy Project (CEP), [41] Aspuru-Guzik and
coworkers have screened ∼2.3 million compounds by employing the Scharber model [42,43] to find out ef-
ficient new donor molecules for OPVs. Here, the computed energies of the highest occupied molecular
orbital (HOMO)/the lowest unoccupied molecular orbital (LUMO) of organic molecules are calibrated to
experimentally determined values, and then employing an averaging scheme, energies of HOMO/LUMO
are estimated to use them as input in the Scharber model. However, the prediction of PCE of an OPV is
much more challenging compared to the energies of orbitals. Very recently, the same research team [44]
noticed that the Scharber model, widely used in these virtual screening works, is not accurate enough for
the prediction of PCE, and calibration of PCE by considering molecular similarity, molecular weight and
band gap energy leads to improvement in correlation between experimental (49 OPVs) and calculated PCE
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(Pearson’s coefficient (r) is increased from 0.30 to 0.43). Further, the Scharber model is only optimized for
the PC61BM acceptor [42] and a more general model is desired to take account of non-fullerene molecules.
In an OPV, energy conversion is accomplished by four consecutive steps: (i) absorption of photons
and exciton formation, (ii) exciton diffusion to D/A interface, (iii) exciton dissociation and (iv) transport
of holes/electrons to the respective electrode. Taking account of all these processes, the efficiency of a
device depends on many microscopic properties of the organic material such as optical gap, charge-carrier
mobility, ionization potential of donor, electron affinity of acceptor, hole-electron binding energy (Ebind), to
name a few and it is very important to build more accurate models using all relevant and easily accessible
descriptors. Here, it is important to note that we need to choose quantum chemical descriptors instead of
simple topological descriptors, generally applied to drug designing, as they do not give good result when
applied to database of conjugated molecules for the solar cell application. [36] Recently, Gómez-Bombarelli
et al. [45] demonstrated a method to automatically generate novel chemical structures using a data-driven
continuous representation of molecules in the domain of drug designing, and a similar approach can be
applied for the solar cell application to generate more realistic (and therefore much less) candidate materials
for the screening process, which will drastically reduce the burden of computational cost for quantum
chemical descriptors. To date, designing and selection of optimal OPV molecules are primarily based on
the HOMO and LUMO of organic molecules, i.e. in the Scharber model. [42] However, very recently it
was demonstrated that a very low gap between LUMO and LUMO+1 in acceptor molecules is essential for
high efficiency OPVs. [46–48] Since both donor and acceptor conjugated molecules have high probabilities
of exhibiting energetically close HOMO and HOMO-1 (LUMO and LUMO+1), [47] it would be necessary
to examine the importance of new parameters in predicting PCE for OPVs, such as the near-degeneracy of
frontier molecular orbitals also in donor molecules.
In this work, we build a model to predict the PCE of new D/A molecules from quantum chemical
calculation of properties of the isolated molecules. A number of machine learning (ML) approaches [49–52]
are used to identify the connection between these properties and the PCE using experimentally available
data to fit the model. Additional experimental data not included in the fitting procedure are used to test the
predictive ability of the model. ML methods are widely adopted in drug discovery and are more recently
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being adopted in the domains of heterogeneous catalyst, [53–55] reaction-mechanism study, [56–58] materials
discovery, [59–66] etc. Thanks to the large number of highly efficient donor and acceptor molecules now
reported and the substantial chemical differences among them, it is possibly appropriate at this point in
time (i) to test different ML strategies (ii) validate hypotheses on correlation between a broad variety of
molecular properties and the experimental PCE, and in general (iii) assess the reliability of data driven
approaches in OPVs. In this work, we perform these tasks starting from constructing a sufficiently large
database of experimental systems for which the molecular properties can be computed.
2 Materials and methods
In the present study, only small molecules are considered due to their discrete and well-defined molecular
structures, which will help us to avoid errors related to uncertainty in the polymer length and conforma-
tion. [67–69] Although our current focus is mainly on the small molecules, conclusions made from this study
are expected to be also applicable for the polymer OPVs. To cover a wide variety small molecule OPVs
(SM-OPVs), our dataset include donor molecules such as benzodithiophene- (BDT), diketopyrrolopyrrole-
(DPP), quinoxaline-, Zn-porphyrin-based systems, etc. In our dataset, there are 280 different SM-OPVs
with 270 distinct donors. Available experimental data such as open-circuit voltage (VOC), short-circuit cur-
rent (JSC), fill factor (FF) and PCE are collected for each studied system and reported in Table S1. Average
PCE values are considered whenever it is available. Looking at the necessity of a wide range of PCE in the
dataset, we tried to capture molecules for the entire PCE region. In the dataset, the median value is 5.245%
with the upper quartile of the data ranging between 6.5 and 9.8% PCE.
We have made an attempt to build models for the prediction of PCE using 13 microscopic properties
of organic materials as descriptors. All the descriptors considered in this work are properties of the isolated
donor and acceptor molecules easily computable from electronic structure codes, in the spirit of allowing a
rapid screening of a large number (∼105) of new compounds if desired. It is worth to point out that there
is no rigorous method exist to choose descriptors for predicting PCE of OPVs as the number of parameters
influence the optoelectronic conversion process in OPV is still unknown. Out of our selected 13 descriptors,
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eleven are already known to affect the energy conversion process and other two are chosen based on our
quantum chemical simulation and statistical analysis. Also, parameters which are highly correlated with
other ones are not considered as descriptors. We would like to clarify that in this work r <0.4, 0.4≤r<0.75
and r≥0.75 are considered as poor, moderate and high linear correlation. All descriptors considered in this
study with a brief justification for choosing them are given below:
(1) Number of unsaturated atoms in the main conjugation path of donor molecules, NDatom. This
descriptor is equivalent to the conjugation length of a molecule, and it is widely considered to be associated
with photon absorption, exciton diffusion length, stability of charge carriers, etc. [5,23]
(2) Vertical ionization potential of donor molecules, IP(v). IP is an important parameter of a donor
molecule as it is associated with the energy of HOMO which in turn correlates with the donor valence band
edge energies and the VOC. [70]
(3) Polarizability of donor molecules. A large polarizability of organic molecules is expected to
reduce the exciton binding energy by stabilizing the charge separated states.
(4) Energy of the electronic transition to a singlet excited state with the largest oscillator strength,
Eg. This parameter is related to photon absorption by donor molecules, therefore it is expected to correlate
with the JSC, and for this reason it was taken into account in an earlier virtual screening of OPV materi-
als [44] to improve the results obtained by the Scharber model [42].
(5) Reorganization energy for holes in donor molecules, λh. This quantity is expected to correlated
with the barrier for charge transport, and therefore should be smaller for higher mobility materials. [25] It
has already been used in previous high-throughput virtual screening for high carrier mobility in organic
semiconductors. [71]
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(6) Hole-electron binding energy in donor molecules, Ebind. It is a measure of the strength of hole-
electron interaction and can be estimated as the difference between the fundamental gap and optical gap. [72]
The fundamental gap, i.e. the minimum energy required for the formation of a pair of separated free hole
and electron, is calculated as the difference of ionization potential and electron affinity of molecules. The
optical gap is the vertical excitation energy from the ground state to the first dipole-allowed excited state,
which is related to the formation of Frenkel excitons in organic molecules. It strongly affects the yield
of hole-electron recombination, and a small Ebind is always desired to increase the chance of migration of
excitons to the D/A interface.
(7) The energetic difference of HOMO of donor and LUMO of acceptor, EDAHL . Energy of the charge-
transfer state (ECT) for the D/A interface is known to have good correlation with VOC of an OPV, [21,73] and
it can be approximately calculated from the EDAHL
[74]. We verified the relation between ECT and EDAHL for
14 D/A systems (Figure S1 in SI), and our results indicate a very good correlation (r=0.87) between them.
Thus, EDAHL can roughly estimate the driving force to dissociate excitons in the D/A interface.
(8) Energy of the electronic transition to the lowest-lying triplet state, ET1 . Recently, it is revealed
that the charge-transfer state at D/A heterojunction can relax to the lowest-lying triplet exciton state (T1)
of individual molecules if the process is energetically favorable, i.e., ECT is greater than 0.1 eV from the
energy of T1 state (ET1), which may leads to recombination of holes and electrons to the ground state.
[21,75]
In this work EDAHL is a descriptor in place of ECT to avoid high computational costs (as these two parameters
are linearly correlated, depicted in Figure S1). To take account the possible triplet loss channel, in addition
to EDAHL , ET1 is also considered as a descriptor.
(9) The energetic difference of LUMO of donor and LUMO of acceptor, EDALL . This descriptor quan-
tifies the degree of alignment of LUMOs of donor and acceptor molecules, which is crucial for estimating
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the photoelectric conversion efficiency. If EDALL is too large there is a substantial energy loss at the D/A
interface; if it is not large enough the driving force for the charge separation can be insufficient, reducing
the yield of charge separation.
(10) Change in dipole moment in going from the ground state to the first excited state for donor
molecules, ∆ge. The ∆ge is associated with the degree of photoinduced charge transfer within a molecule,
and a large value of this parameter is expected to promote the formation of a polarized exciton and reduce
the geminate recombination of the hole and electron. [76] A good correlation between ∆ge and the efficiency
of OPVs is noted in a series of experimental works. [77,78]
(11,12) The energetic differences of HOMO and HOMO-1, ∆H = EHOMO − EHOMO−1 and LUMO
and LUMO+1, ∆L = ELUMO+1 − ELUMO of donor molecules. The importances of ∆H and ∆L of organic
molecules in the energy conversion process will be introduced in Section 3.
(13) The energetic difference of LUMO and LUMO+1 of acceptors, ∆AL = ELUMO+1 − ELUMO.
Small ∆AL values of acceptors known to accelerate exciton dissociation at the D/A interface, as there is a
possibility of having more than one electron accepting states in the anionic form as proposed in refs [46–48].
In the case of acceptors, we do not consider properties other than the ∆AL of isolated molecules
as descriptors for building models because only two acceptors are taken into account in our study, and
one descriptor can effectively distinguish them. The HOMO-LUMO gap and energy of HOMO of donor
molecules are not considered as descriptors because in comparison to the HOMO-LUMO gap in the simple
single particle approximation, the energy of major electronic transition from many-electron theory is more
relevant to the photon absorption in OPVs, and energy of HOMO is linearly correlated to IP(v) (r=0.97)
(See Figure S2 in the SI). Properties related to the aggregation of molecules and the effect of solvents are
not considered for building models as they required significantly large computational costs. We choose
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only those properties which can be quickly calculated. This will enable us to consider a large number
of molecules for the screening process, and identified lead candidates may be subjected for high-level
calculations with further consideration of the D/A interface morphology, role of charge-transfer and triplet
states in exciton dissociation, electronic coupling between adjacent molecules, effect of side chains on
solubility and aggregation of materials, etc. For example, recently Ye at al. showed that phase behaviors
in OPV materials can be simulated by the atomistic molecular dynamics, and the temperature-dependent
effective amorphous-amorphous interaction parameter can be derived by mapping out the phase diagram of
a model amorphous polymer:fullerene material system. [79] Such studies will be highly beneficial for further
screening of lead candidates before laborious synthesis of materials and device fabrication.
Ground state geometries of all the studied molecules were optimized at the density functional theory
(DFT) level using hybrid meta-GGA M06-2X exchange-correlation functional in combination with the 6-
31G(d) basis set. To reduce the computational cost, long alkyl side-chains are substituted by methyl groups
in our calculation, as they have negligible effect on the optoelectronic properties of isolated molecules.
However, it is important to point out that side chains may significantly affect solubility and morphology
of materials. Harmonic vibrational frequencies were calculated to ensure that all geometries are at the
minima of the potential energy hyper-surface. IP(v), λh and Ebind were calculated for each system. To
obtain the vertical excitation energy and its corresponding oscillator strength, single-point time-dependent
DFT (TDDFT) calculations were performed on the corresponding optimized ground state geometries using
the same functional and basis set employed for the geometry optimization. It is important to note that, a few
descriptors, such as ∆H, ∆L, Eg and IP(v), are also calculated using the B3LYP functional using the same
ground state geometries, and values of descriptors are found to be linearly correlated with those obtained by
the M06-2X functional (Figure S3 in SI), indicating reliability of the descriptors with respect to the choice
of DFT functional. All quantum chemical calculations were carried out using Gaussian 09 package. [80]
To build models, we use a range of ML techniques easily accessible from Scikit-Learn. [81] In all
these techniques, a set descriptors xi are used as input to obtain an output y, the PCE in our case, effectively
determined by a function f (xi). The form of the function and optimization procedure of its hyperparameters
vary considerably from algorithm to algorithm. In all cases, a set of descriptors and the corresponding
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experimental PCE (the “training set") are used as input, and the algorithm determines the best function
which is further validated using a second dataset of unknown data (“validating set"). The quality of a model
is examined by the correlation between true and predicted value for a third dataset (“testing set"), which
is completely separated from “training set" and “validating set", to provide an unbiased evaluation of the
model fit on the training dataset. The simplest possible function is a linear combination of the descriptors,
e.g. a linear regression (LR). Here we use a set of more advanced methods such as artificial neural networks
(ANN), random forest (RF) and gradient boosting regression tree (GB). A brief description of these methods
with additional details to repeat the present analysis are given in the SI. ANN and tree-based models are
widely used and found to be successful for a number of applications. [56,65,82–84]
Technically, we split the dataset into two subsets of 250 (training and validating sets) and 30 (test-
ing set) data points. Tanimoto and Euclidean distances of the chemical fingerprints and normalized features,
respectively, between each data point of the testing set and their 30 closest points in the 250-data set and
comparing them with the change in PCE for the respective systems (Figure S4) indicate that the PCE of
samples are not influenced by the mere structural similarity and feature distance, and our testing set is cer-
tainly independent and an appropriate choice for the evaluation of model performance. The same figure
also provides a meaningful evidence why the graph features fail to predict PCE even for a particular family
of molecules. [36] Complete random division of a limited dataset may lead to over-crowded or complete ab-
sence of molecules at a certain PCE region. To avoid such inconsistency, we adopted the stratified sampling
method [85–88] by dividing our dataset into 8 groups or strata, each having donor molecules with a fixed
range of PCE (Table S2), and molecules are randomly divided within a group to ensure that molecules are
uniformly distributed in all subsets. To find best hyperparameters of each model, 10-fold cross-validation
was employed to evaluate the performance of each parameter combination. Finally, the predictive power
of each model was evaluated over the testing set by training the model using 250-dataset (training and
validating sets were combined for maximum use of the available data).
Page 9 of 27
3 Results and discussion
Our dataset of 280 experimental systems is large enough to reveal new correlation between properties of
organic molecules and macroscopic properties of devices. In order to find out potential new candidates for
OPVs, we first focus on the role of orbitals in the energy conversion process, and secondly build ML-models
using properties of organic molecules to predict the PCE quickly for high throughput virtual screening.
3.1 Importance of orbitals energetically close to frontier orbitals of donor molecules
In traditional theory, only HOMO and LUMO of organic molecules are taken into account to determine the
quality of a material for its application in OPVs. This approximation may be valid for molecules having
large ∆H and ∆L. Except a few extensively studied molecules such as pentacene/tetracene, most of the re-
cently synthesized materials, especially relatively large conjugated or donor-acceptor-donor type materials,
for example, molecules based on BDT, [89,90] naphtho[1,2-c:5,6-c′]bis[1,2,5]thiadiazole (NT) [14], 1,3-bis(4-
(2-ethylhexyl)- thiophen-2-yl)-5,7-bis(2-ethylhexyl)benzo[1,2-c:4,5-c′]-dithiophene- 4,8-dione (BDD) [91]
have considerably small ∆H/∆L values (≤0.48/0.07 eV). In such cases, there is a high probability for partic-
ipation of orbitals other than frontier orbitals in various photophysical processes of an OPV. Therefore, it is
highly desirable to revisit the importance occupied and unoccupied orbitals of organic materials for OPVs.
For all the donor molecules, ∆H and ∆L are calculated (see Figure S5, and Table S1 for the raw data)
and the distributions of the values of them are depicted in Figure 1. More than 13% of donor molecules
have ∆H smaller than 0.2 eV and nearly 35% donors have ∆L smaller than 0.1 eV. Thus, a large number of
the studied donor molecules have considerably small ∆H and ∆L values, and it is important to point out that
the nearly degenerate occupied/unoccupied frontier orbitals of a donor molecule may be beneficial for the
hole transport/exciton dissociation process, like the near degeneracy of LUMOs in acceptors enhances the
exciton dissociation rate at the donor-acceptor interface. [46–48] We verified that there is modest correlation
(r=0.43) between ∆H and ∆L, and negligible correlation (r≤0.26) between either ∆H or ∆L and the HOMO-
LUMO gap (data in Figure S6/S7). Poor correlation between these properties indicates that they can be
considered as independent descriptors. Figure S7 (c,d) shows correlation of ∆H and ∆L with the NDatom. ∆H
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Figure 1 Percentage of donor molecules (PDonor) versus ∆L (a) and ∆H (b).
and ∆L decrease as expected with increasing the size of the conjugated portion of the molecule. However,
the correlation with the size is fairly modest and the explicit inclusion of these parameters in the model
would be desirable. We next look at the involvement of other than HOMO and LUMO orbitals in the
energy conversion process of OPVs.
When light falls on donor molecules, excitons are formed by excitations of electrons from occupied
to unoccupied orbitals. The main electronic transition is often considered to be dominated by the HOMO
→ LUMO excitation. This assumption may be true when ∆H and ∆L are large enough, for example, thio-
phene ended DPP as central core with 1,3-di-tert- butylbenzene as arms (CSDPP12) [92] and merocyanine
dyes [93]. However, the situation may be completely different for molecules having small ∆H and ∆L, e.g.
BDT and BDD based molecules. Figure 2 (a,b) shows contributions of orbitals other than HOMO and
LUMO to the major electronic transition. In the cases of molecules having ∆H smaller than ∼0.75 eV and
∆L smaller than ∼0.5 eV, there is a significant contribution of orbitals other than just HOMO and LUMO
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to the major electronic transition, and their contributions increase further with the decrease of ∆H and ∆L.
Figure S8 shows the correlation between experimental absorption coefficients (ε) and theoretically calcu-
lated oscillator strengths ( fosc) of the main electronic transition for 82 donor molecules, and correlations
of these two parameters with the ∆H and ∆L are depicted in Figure S9. Our results indicate that there is a
modest correlation (r=0.42) between ε and fosc, and correlations of these two parameters with the ∆L are
much better than their relations with the ∆H. Populations of donor molecules with respect to contributions
of orbitals other than HOMO and LUMO orbitals to the main electronic transitions are depicted in Figure 2
(c,d). As shown in the figure, the contribution is greater than 30% for nearly 50% of the studied molecules.
Thus, orbitals energetically close to HOMO/LUMO also participate in the exciton formation process, and
it is essential that this fact is properly accounted in any data-driven study of PCE.
Also, the dissociation of excitons into free holes and electrons, and transport of charge carriers
can be influenced by ∆H or ∆L. The extent of electronic coupling between two interacting molecules is an
important factor for both hole transport and exciton dissociation. [25] When ∆H (∆L) of donor molecules is
quite large, HOMO and HOMO-1 (LUMO and LUMO+1) are well separated, and only HOMO (LUMO)
significantly contributes to the hole transfer (exciton dissociation) process. However, in the case of small ∆H
(∆L), the contribution of HOMO-1 (LUMO+1) can not be ignored in the electronic coupling calculation. [94]
Four molecules having small ∆L/∆H values and large PCE are randomly chosen to calculate the electronic
coupling for the exciton dissociation and hole transport rates. For each system, the electronic coupling was
evaluated by two different ways (a) by considering only HOMO (LUMO) orbitals, denoted as tH→H (tL→L)
and (b) by considering proper description for the initial and final states in the dimer (D/A system) and
denoting teffHT (teffED), the electronic coupling between initial and final states. A detailed description of the
coupling calculations is reported in the SI. To ensure reliability of the calculation with respect to the choice
of DFT functional, coupling values are estimated using three different functionals, namely M06-2X, B3LYP
and PBE0, and our results indicate a qualitatively similar trend for all the functionals. We found a large
difference between tH→H (tL→L) and teffHT (teffED), demonstrating that occupied orbitals other than HOMO
(LUMO) significantly contribute to charge transport (exciton dissociation) process (Table S3). Thus, the
hole transport and exciton dissociation rates are closely related to the ∆H and ∆L of donor molecules,
respectively.
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Figure 2 Contributions of orbitals other than HOMO (a) and LUMO (b) (denoted as POrb) to the most important electronic
transition (largest oscillator strength) versus ∆H and ∆L, respectively. Percentage of donor molecules (PDonor) versus POrb in
cases of occupied and unoccupied orbitals are depicted in (c) and (d), respectively.
The combined computational and experimental data can be used to verify the importances of ∆H
and ∆L in realistic devices, which is suggested by the physical models above. As shown in Figure 3 (a,b),
large FF values are only found for the small energy gap between orbitals, describe the level of correlation
observed reasonably good and in agreement with the physical model but of course cannot be perfect con-
sidering the many other components that may affect the efficiency. As it can be seen in Figure 3 (c,d),
large PCE values are only found for small ∆H and ∆L values, having noticeable linear correlation with ∆L
(r=−0.41). A schematic diagram shown in Figure 4 represents involvement of occupied and unoccupied
orbitals in various processes of an OPV. In case I, when ∆H and ∆L are large, HOMO and LUMO are mainly
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Figure 3 Correlations of FF and PCE versus ∆H (a,c) and ∆L (b,d). Here, ∆H is the energetic difference between HOMO and
HOMO-1 and ∆L is the energetic differences between LUMO+1 and LUMO of donor molecules.
involved in photon harvesting, excitation transport, exciton dissociation and charge carrier transport pro-
cesses. For case II, when ∆H and ∆L are small enough, orbitals energetically close to HOMO/LUMO also
participate in these processes and sometimes they can accelerate them and enhance the PCE an OPV.
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Figure 4 A schematic diagram for the involvement of orbitals energetically close to HOMO and LUMO in photophysical
processes of an OPV. Cases I and II are for large and small values of ∆H (∆L), respectively.
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3.2 Prediction of PCE using ML algorithms
To efficiently screen a large number of candidate molecules for new high performance OPVs, theoretical
models which can predict the potential PCE values accurately and very quickly are highly desired. Few
attempts have already been made so far but the correlation between predicted and experimental data are
very unsatisfactory (r ∼0.4 [44]). In this work, we build new models with improved descriptors and ML-
algorithms. A range of ML approaches are applied to construct models, such as k-nearest neighbor, artificial
neural network, random forest and gradient boosting, to assess the relative merit of these techniques.
Table 1 Prediction of the PCE by different ML algorithms. MAPE, RMSE, r and Pout represent mean absolute percentage error,
root mean square error, Pearson’s correlation coefficient and percentage of number points outside a cutoff value, respectively.
Results for the testing set (30 points) and all data points obtained by models trained on 250 and 279 data points (leave-one-out
cross-validation) are shown outside and inside parenthesis, respectively.
ML techniques MAPE (%) RMSE (%) r Pout in % (± 1.5/± 2.5)
LR 20.2 (23.0) 1.34 (1.25) 0.66 (0.67) 23.3/6.7 (22.1/5.4)
k-NN 18.2 (19.9) 1.21 (1.17) 0.71(0.74) 23.3/3.3 (17.9/3.9)
ANN 20.0 (20.4) 1.25 (1.16) 0.68 (0.73) 20.0/3.3 (19.6/2.9)
RF 17.2 (21.4) 1.08 (1.12) 0.78 (0.75) 13.3/3.3 (18.9/1.4)
GB 17.1 (19.9) 1.07 (1.09) 0.79 (0.76) 16.7/0.0 (18.2/1.8)
The predictive power of ML models are compared by the mean absolute percentage error (MAPE),
root mean square error (RMSE) and r. Table 1 reports the predictive power measures performed over the
testing set (30) and all 280 data points by training our models on 250 data points and employing the leave-
one-out cross-validation technique, respectively. Results of 10-fold cross-validation over 250 data points
obtained using convenience, random and stratified sampling methods are reported in Table S4. In Figure
5(a,b), predicted PCE obtained by the GB model is plotted versus experimentally estimated PCE, and results
for other ML-models are shown in Figures S12-S15. The probability density of error distribution in inset
of Figure 5(b) shows that the residuals between the model-predicted and experimentally estimated PCE
are normally distributed, and thus there is no sampling error in the model. Similar results obtained for the
testing set, 10-fold cross-validation over 250 data points, and leave-one-out cross-validation for all 280 data
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points indicate that our models generalize well to new, previously unseen data. The predictive power of
LR-based model is already quite remarkable but far from ideal (r=0.66). In the case of ANN-based models,
a moderate improvement in results (r=0.68) is seen as nonlinear correlations are taken into account. It is
interesting to find that k-NN, a simple ML algorithm, improves the prediction efficiency (r=0.71) enough
for the screening process. Results of tree-based models are quite impressive, especially in the case of GB-
model, where r and RMSE for the testing set are 0.79 and 1.07%. The GB model can be effectively used
to predict PCE of new candidate materials, however, this model can not predict the PCE outside the 1-9.5%
range due to the inherent limitation of tree-based models, i.e., they unable to extrapolate to regions, outside
of what is seen in the training data. Under such circumstances, ANN model is preferable to the tree-based
models. In SI, Python scripts with detailed description of their usage are provided to reproduce reported
results and predict PCE from properties of new donor molecules.
The “importance" of a descriptor can be defined rigorously within tree-based algorithms like RF
or GB. It is estimated by keeping track of the reduction of mean-square error for each descriptor when
data passes through the trees and averaging it over all trees of the ensemble as proposed by Breiman et
al. [95] and implemented in Scikit-learn software package [81]. The importances of descriptors for the GB
and RF models are shown in Figure 5 (c) and (d), respectively. It is important to clarify that low descriptor
importance does not mean the associated descriptor is irrelevant to the PCE. It may happen that more than
one descriptors encode the same information and our model picked one of them. As it can be seen in
the Figure 5 (c), out of 13 descriptors the importance for ∆AL is quite small as we have only two distinct
acceptors, i.e., PC61BM and PC71BM in the dataset. The GB gives a lot of importance to descriptors
other than the ∆AL , as they are all related to photophysical processes of an OPV. Although the descriptor
importances are different for the GB and RF models, the Ebind is found to be the most informative descriptor
for both the models with a lot of importances given to ∆H and ∆L. The Ebind estimates the strength of hole-
electron interaction, and therefore it was expected to play an important role for building ML-models. The
main new insight afforded by the ML analysis is the importances of ∆H and ∆L, which were also suggested
by the visual inspection of the raw data (Figure 3).
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Figure 5 Theoretically predicted versus experimental PCE for the testing set (30 molecules) (a) and all data points using the
leave-one-out cross-validation technique (b) for the GB model. Inset shows probability density of prediction errors. The
descriptor importances for the GB (c) and RF (d) model are depicted. Descriptors are in the following order: (1) NDatom, (2)
polarizability, (3) ∆L, (4) ∆H, (5) IP(v), (6) λh, (7) Ebind, (8) EDALL , (9) E
DA
HL , (10) Eg, (11) ∆ge, (12) ET1 and (13) ∆
A
L .
4 Conclusion and outlook
In summary, we show in this work that by using artificial intelligence ML methods we can capture the
complexity of a device and build a model that can efficiently predict the efficiency (rather than simpler
properties like HOMO-LUMO gap) of OPVs from its constituents with an unprecedented correlation of
r=0.79. A predictive method of this quality is certainly able to make the difference in the discovery of new
materials for organic solar cells. The importance of the near degeneracy of frontier molecular orbitals on
various photo-physical processes in solar cell, is also demonstrated for the first time. This critical point has
been overlooked by other authors, which is the basis for a better predictive model.
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Before the end, we should mention that our derived ML-model does not consider the details about
the morphology and many proposed microscopic mechanisms, and cannot always predict the PCE of a
specified OPV device very accurately. This model is expected to examine the optimal potential of OPV ma-
terials and can be used for a preliminary virtual screening of a large number (∼105) of candidate molecules
due to its advantage of very low computational costs. A small portion (∼103) of the candidates with pre-
dicted high PCE by our ML-model will be subjected for further more advanced theoretical simulations with
electrodynamics and quantum dynamics models, which are much more time-consuming but can consider
many effects of morphology and mechanism, such as the effect of solvents and side chains on aggrega-
tion, D/A interface morphology, exciton migration and dissociation, the coupling between electronic states
and vibrational modes, singlet fission, etc. At the end, the further screened (∼102) molecules with more
quantitative predictions by high level calculations will be suggested for experimental synthesis and device
fabrication. We are quite hopeful that similar works will substantially assist development of OPVs by
enhancing understanding of the operating mechanism and designing new efficient materials.
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Supporting Information
Electronic Supplementary Information (ESI) available: Experimentally estimated VOC, JSC, FF and PCE of
SM-OPVs, population of donor molecules versus PCE, correlation between various properties, details of
the electronic coupling calculation and optimization of models built by various machine learning techniques
are provided. A tar file “suppl_files.tar.gz” containing Cartesian coordinates of ground state geometries and
SMILES for all donor/acceptor molecules, comma-separated values (CSV) files for the raw data and Python
scripts to reproduce reported results and predict the PCE of new donor molecules is available for use.
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